Abstract-It's increasingly important but difficult to determine potential biomarkers of schizophrenia (SCZ) disease, owing to the complex pathophysiology of this disease. In this study, a network-fusion based framework was proposed to identify genetic biomarkers of the SCZ disease. A three-step feature selection was applied to single nucleotide polymorphisms (SNPs), DNA methylation, and functional magnetic resonance imaging (fMRI) data to select important features, which were then used to construct two gene networks in different states for the SNPs and DNA methylation data, respectively. Two health networks (one is for SNP data and the other is for DNA methylation data) were combined into one health network from which health minimum spanning trees (MSTs) were extracted. Two disease networks also followed the same procedures. Those genes with significant changes were determined as SCZ biomarkers by comparing MSTs in two different states and they were finally validated from five aspects. The effectiveness of the proposed discovery framework was also demonstrated by comparing with other network-based discovery methods. In summary, our approach provides a general framework for discovering gene biomarkers of the complex diseases by integrating imaging genomic data, which can be applied to the diagnosis of the complex diseases in the future.
INTRODUCTION
B IOMARKERS are biological measures related to a disease state. The identification of biomarkers canfacilitate disease prognosis, diagnosis and management. The biomarkers are biological measures correlating with a disease state. Once validated, they can be used to ameliorate clinical decisionmaking and diseases' early detection. Additionally, they can help decipher disease mechanisms and be used as substitute markers of drug efficacy to reduce the costs in the pipeline of a drug discovery and development. Consequently, it is important but challenging to discover the biomarkers of complex diseases, such as schizophrenia (SCZ), due to their unknown and complicated mechanisms. The SCZ is much more complicated compared with other diseases [1] and ranks among the top 10 causes of disability in developed countries throughout the world [2] . At present, the SCZ diagnosis depends on the self-report of subjective patients; meanwhile the so-called prodromal patients cannot be decisively diagnosed by so far [3] , [4] , [5] . Biomarker detection for the SCZ can assist in the SCZ diagnosis and drug development.
Neuroimaging techniques provide efficient and noninvasive ways to studying brain abnormal activity, which is helpful for complex mental disorder (e.g., SCZ) research [6] , [7] , [8] , [9] , [10] , [11] , [12] . On the other hand, genetic factors are believed to have influence on the SCZ in that the SCZ is high heritable (concordance rates in monozygotic twins reach approximately 50 percent [9] ). Therefore, imaging genomic studies, which combine functional neuroimaging and genomics data, become essential for discovering genetic biomarkers underlying the biological mechanisms relevant to abnormal brain activities or development. Currently, there have been a large number of imaging genomic studies trying to discover risk genes, brain regions of interest or the correspondence between them in SCZ [13] , [14] , [15] , [16] , [17] , [18] , [19] , [20] , [21] , [22] . All these imaging genomic studies employed data integration methods to make good use of the complementary information from multiple sources of data, such as genomic, transcriptomic, and imaging data.
It is well known that biological network can be used as an important tool to study the biological mechanisms from a system perspective [23] , [24] , [25] , [26] , [27] , [28] , [29] , [30] , [31] , [32] , [33] , [34] . Deng et al. identified some cancerassociated genes by building and analyzing differential co-expression networks related to cancer [35] , [36] . In [37] cellular networks, gene expression, and genomic data were combined to discover causal genetic drivers of human disease by analyzing regulatory networks at system level. Guelzim et al. [38] discovered the causal structure of the yeast transcriptional regulatory network. A novel computational method was developed by Kim et al. [39] to simultaneously identify causal genes and dysregulated pathways of complex diseases. Vanunu et al. [40] proposed a global, network-based method, called PRINCE, to prioritize causal genes of a disease and infer protein complex associations. A novel network-based approach was proposed by Wen et al. [41] to investigate putative causal module biomarkers of complex diseases through the integration of heterogeneous information, e.g., gene expression data, epigenomic data, and protein-protein interaction networks. Tu et al. [42] combined protein phosphorylation, genotype information, protein-protein interaction, gene expression, and transcription factor (TF)-DNA binding information and developed a network based stochastic algorithm to discover causal genes and underlying regulatory pathways. It is demonstrated by all these examples that the biological networks are effective tools for intergration analysis.
As aforesaid, the SCZ is a genetic disease with abnormal brain activity. Also, it is related to environmental factors [43] , [44] . Therefore, our lab collected three types of measurement data for the SCZ including Functional mgnetic resonance imaging (fMRI), Single nucleotide polymorphisms (SNPs), and DNA methylation. The fMRI is a neuroimaging procedure that uses MRI technology measuring brain activity by detecting changes associated with blood flow. In research of language abnormalities, the fMRI can explicitly estimate the assumption that the normal lateralization of language is reversed in SCZ [45] . The SNPs are most common type of genetic variations. They can act as biomarkers to help researchers detect the genes associated with genetic diseases [46] , [47] . DNA methylation is a process in which methyl groups are added to particular DNA segments, without changing the DNA sequence. In the course of life, aging processes, environmental influences and life-style factors such as diet or smoking induce biochemical alterations to the DNA, which frequently lead to DNA methylation. The DNA methylation is one of several epigenetic mechanisms and can be utilized by cells to control gene expression. Although there are many mechanisms to control the gene expression in eukaryotes, the DNA methylation is a commonly used epigenetic signaling tool, which can fix genes in the "off "position [48] .
Thus, the SNPs, DNA methylation and fMRI data were comprehensively used by network-based methods to discover gene biomarkers associated with the schizophrenia disease in this study. After SNPs preselected according to Kyoto Encyclopedia of Genes and Genomes (KEGG) [49] pathways, multiple sparse CCA (msCCA) [50] was applied to these three data sets to filter SNP loci and methylation sites that have strong correlations with fMRI voxels. For the selected SNP loci , corresponding genes were found and each gene profile was represented by the average of the profiles of the corresponding SNP loci. We then generated two similarity matrices under two different conditions (i.e., diseases and healthy controls). Specifically, for each condition, we builded a gene-gene network with nodes representing genes and edge strength representing the similarity between a gene pair. We performed the same procedure on the selected methylation sites and obtained two gene-gene networks under two different conditions from DNA methylation data. The two gene networks from SNPs data was fused with the ones from methylaiton data under the same condition, respectively. In the end, fused SCZ gene network and fused healthy network were constructed and compared to find significantly differential genes, which would be used as biomarkers for schizophrenia. These identified gene biomarkers were further validated with disease association analysis, functional enrichment analysis, pathway enrichment analysis, schizophrenia associated database, and literature studies. Moreover, the performance of our framework was demonstrated through the comparison with other network-based discovery methods.
The remainder of this paper is structured as follows: Section 2 introduces several main methods used in our proposed framework for disease gene biomarkers discovery. Section 3 descibes the datasets collection and then presents results and discussions including the identified gene biomarkers and their validation from five aspects, the comparisons with other network-based methods and related discussions. Section 4 summarizes this study, including the advantages and disadvantages of our framework.
METHODS

Multiple Sparse CCA for Feature Selection
Canonical correlation analysis (CCA) [51] is a method seeking two most correlating linear projections of two different datasets. CCA is a multi-variate method that can provide a better significance power. It has been widely used to analyze correlation pattern between two datasets collected from a same group of samples. Sparse CCA [52] , [53] was developed in order to solve over-fitting problem of conventional CCA when dealing with large scale but small sample size data, e.g., genetic data. Also, feature selection can be conducted by sparse CCA resulting from its sparse output. In addition, the sparse output of sparse CCA facilitates result interpretation. Its objective function can be expressed as 
where m is the number of modalities that we want to integrate; X i and X j are the ith and jth data, respectively; i controls the sparsity level of the ith canonical vector u i . Cross-validation is a popular tool for tuning parameter selection, i.e., choosing i . However, tuning parameter selection is very unstable partly due to the small sample size. Moreover, due to the L 2 norm constraint on u i and heterogeneous datasets, parameter selection is very sensitive, that is, a tiny change of will lead to a huge change of the sparsity of , and sometimes this change is even nonmonotonic, making it difficult to get an interpretable result. To address this problem, we introduced an iterative parameter selection procedure which was easier to handle during parameter selection and worked well for real data analysis. The relevant work can be found in [50] . In this paper, we used this modified multiple sparse CCA (msCCA) to reduce the dimensionality of the feature space for SNPs data and DNA methylation data. In other words, we used msCCA to select the SNP loci and methylation sites strongly correlated with endophenotypes (e.g., fMRI voxels).
Fusion of Heterogeneous Genomic Data
This procedure includes the following two steps: graph construction and graph consolidation.
Graph Construction
Before constructing a gene-gene graph, we constructed a gene-based matrix from SNPs and DNA methylation data, respectively. Each gene's profile is denoted by the average value of the profile of its corresponding SNP loci or methylation sites. Two state (SCZ disease and healthy control) similarity matrices were separately computed for SNPs and DNA methylation data. Also, the similarity matrix is represented as a graph or a network with its nodes representing genes and its edges indicating the relationships between them. In the gene-gene interaction network built in this study, given a gene iði ¼ 1; 2; ; nÞ, and r 2 ði; jÞ denotes the Euclidean distance between gene i and gene j. The weight coefficient W ij , which is the edge strength between gene i and gene j, is introduced into the similarity matrix. A Gaussian function of Euclidean distance between genes was used to calculate edge strength
If i is in j's k-nearest-neighborhood or vice versa, nodes i; j can be connected by an edge. The number of a gene 0 s neighbors is about one-tenth of the gene number. The hyperparameter s was experimentally set to be s 2 ¼ 510.
Graph Fusion
Multiple graphs, denoted by G m ¼ ðV m ; E m ; w m Þ, are constructed from different sources of data. They can be fused together by appending new nodes or consolidating edge weights of existing nodes in the resulting graph 
where w m ði; jÞ ¼ 0 for ði; jÞ = 2 E m . With this graph fusion method, the individual graphs (SNPs and DNA methylation) for healthy controls can be combined as a fused graph. A similar procedure can be used to construct a fused graph for the SCZ disease state. Thus we can build two fused networks for both healthy control state and the SCZ disease state. The nodes in each fused graph consist of SNP-specific genes, methylation-specific genes and the common genes shared by both SNPs and methylation data. In each fused matrix, the similarity values between the SNP-specific genes or the methylation-specific genes are separately derived from SNPs or methylation data and the similarity values between the common genes are the sum of the similarity values from SNPs and methylation data.
Minimum Spanning Trees (MSTs)
A spanning tree of an undirected graph is just a subgraph consisting of all the vertices and some (or perhaps all) of edges in the graph. A single graph may have many different spanning trees. Each edge is assigned a weight and the weight of a spanning tree is defined as the sum of the weights of the edges in that spanning tree. Then, a minimum spanning tree (MST) is the one with the minimal total weights of all its edges.
In the original context of connection networks, a graph from which a shortest spanning subtree is extracted is a complete graph, that is, the graph has an edge between every pair of vertices. It is natural now to generalize the original problem by seeking shortest spanning subtrees from arbitrary connected labelled graphs. More generally, any undirected graph (not necessarily connected) has a minimum spanning forest, which is a union of the minimum spanning trees (MSTs) for its conneted components. MST is motivated by finding a low-cost network connecting a subset of nodes. If an edge weight is the distance between two nodes in a graph, then the MST in the graph is the subgraph highlighting the most highly correlated nodes. MSTs are useful in a number of seemingly disparate applications [55] , [56] .
The first algorithm for finding a MST was developed by Otakar Boruvka [57] . The second algorithm was Prim's algorithm [58] that provided several simple and practical procedures to construct shortest connection networks and it was implemented in an R package"igraph" [59] , which was used in this study. There exist several more computationallyefficient algorithms for finding the minimum spanning trees of a graph [60] , [61] . Several simple and practical procedures were provided by Prim [58] to construct shortest connection networks.
EXPERIMENTS AND DISCUSSIONS
Overview of the Approach
The overview of our framework was showed in Fig. 1 . The proposed framework mainly consists of the following procedures: feature selection, fused graphs construction, disease genes discovery and disease genes validation. For the purpose of reducing the feature dimensionality, a three-step feature selection was sequentially conducted based on KEGG [49] pathway information, phenotype (health and disease ) and endophenotype (e.g., fMRI) and then 744 SNP loci and 69 DNA methylation sites were obtained. There were 370, and 67 genes corresponding to the selected SNP loci, and methylation sites, respectively. Next, two fused gene networks under two different conditions were built as follows. For SNPs data, a gene profile can be generated by computing the average value of its corresponding SNP loci and the similarity matrix was calculated for each of the two conditions (e.g., healthy and disease states). The same procedure was applied to the selected DNA methylation data. Then two similarity matrices for the healthy state from SNPs and methylation were combined into a fused similarity matrix for healthy controls. Similarly, a fused similarity matrix was constructed for disease state. Two fused similarity matrices were converted to distance matrices from which two sets of MSTs were extarcted. After that, we compared nodes' connectivity to all other nodes in MSTs between the healthy controls and the diseases. Those genes with significant changes were believed to be susceptible to the SCZ disease. Finally, the genes were validated according to disease enrichment analysis, GO and pathway enrichment analysis, SCZ-associated genes database and literature search, respectively.
Datasets Used
In this study, participant recruitment and data collection were conducted at the Mind Research Network. Three types of data (SNP, fMRI, and DNA methylation) were collected from 208 subjects including 112 healthy controls (age: 32 AE 11, 44 females) and 96 SCZ patients (age: 34 AE 11, 22 females). All of them were provided written informed consents. Healthy participants had no medical, neurological or psychiatric illnesses and history of substance abuse. By the clinical interview of patients for DSM IV-TR Disorders or the Comprehensive Assessment of Symptoms and History, patients met criteria for DSM-IV-TR schizophrenia. Antipsychotic history was also collected as part of the psychiatric assessment. Through a series of quality controls, we selected 183 subjects, including 103 healthy controls (age: 32 AE 11, 37 females and 66 males) and 80 SCZ cases (age: 34 AE 11, 20 females and 60 males). After pre-processing, 27,508 DNA methylation sites, 41,236 fMRI voxels and 722,177 SNP loci were obtained for the subsequent biomarkers selection.
SNPs Data Collection
First, a blood sample was obtained and DNA was extracted for each participant. Genotyping for all participants was performed at the Mind Research Network using the Illumina Infinium HumanOmni1-Quad assay covering 1,140,419 SNP loci. Bead Studio was used to make the final genotype calls. Next, the PLINK software package (http://pngu.mgh. harvard.edu/$purcell/plink) was utilized to conduct a series of standard quality control procedures, resulting in the final dataset spanning 722,177 SNP loci. Each SNP was categorized into three clusters based on their genotype and was represented with discrete numbers: 0 for 'BB' (no minor allele), 1 for 'AB's (one minor allele) and 2 for 'AA '(two minor alleles).
fMRI Data Collection
The fMRI data were collected during a sensorimotor task, a block-design motor response to auditory stimulation. During the on-block, 200msec tones were presented with a 500 msec stimulus onset asynchrony (SOA). A total of 16 different tones were presented in each on-block, with frequency ranging from 236 Hz to 1318 Hz. The fMRI images were acquired on Siemens 3T Trio Scanners and a 1.5T Sonata with echoplanar imaging (EPI) sequences using the following parameters (TR = 2000 msec, TE = 30 msec (3.0T)/40msec (1.5T), field of view = 22 cm, slice thickness = 4 mm, 1mm skip, 27 slices, acquisition matrix = 64 Â 64, flip angle = 90 .). Data were preprocessed in SPM5 (http://www.fil.ion.ucl.ac.uk/spm) and were realigned, spatially normalized and resliced to 3 Â 3 Â 3 mm, smoothed with a 10 Â 10 Â 10 mm 3 Gaussian kernel to reduce spatial noise, and analyzed by multiple regression considering the stimulus and their temporal derivatives plus an intercept term as regressors. Finally the stimulus-on versus stimulus-off contrast images were extracted with 53 Â 63 Â 46 voxels and all the voxels with missing measurements were excluded.
DNA Methylation Data Collection
DNA from the blood samples was assessed by the Illumina Infinium Methylation 27 Assay. A methylation value, beta (b), represents the ratio of the methylated probe intensity to the total probe intensity. A series of quality controls (QC) on the beta values were applied to remove bad samples and probes, such as 1) Beta value QC: Change any beta value to NaN, if p > 0.05. 2) Bad sample/ bad marker removing: Samples with > 5% of missing (NaN) values; markers with > 5% of missing (NaN) values. This resulted in the identification of good methylation data from 224 subjects, 27,508 markers (some have missing values < 5%). After QC, we used the K nearest neighbor (KNN) [62] method to impute for the missing values.
Feature Selection
A three-step feature selection was performed to reduce the feature dimensionality. At the first step, KEGG [49] pathways information (Fig. 1 ) was used to preselect SNPs and DNA methylation data, obtaining 147,825 SNP loci and 6,935 methylation sites, respectively. At the second step, the preselected SNP loci and methylation sites were screened with significant difference between healthy and disease state using t-test (p-value=0.05), respectively. At the third step, msCCA was applied to the output of the second step to futher select the SNP loci and methylation sites strongly correlated with fMRI voxels, generating 744 SNP loci and 69 methylation sites. The selected SNP loci and methylation sites have 370 and 67 corresponding genes, respectively. Among them, 12 common genes were shared by the SNPs and methylation data and thus 358 SNP-specific genes and 55 methylation-specific genes, which are showed in Venn diagram (Fig. 2) .
Identification of SCZ Genes
We want to find subgraphs highlighting the most highly correlated genes, so the two fused similarity matrices under two different conditions were converted to distance matrices.
The element D ij in a distance matrixcan be difined as
The MSTs were extracted from each of two state distance matrices and they represent the strongest correlation paths in the similarity network.
By comparing the two MSTs for the two states, i.e., healthy and disease, we identified some significant SCZ gene biomarkers. In detail, a gene's connection values with all the other nodes were compared between the healthy and disease state using a paired t test and multiple testing correction (BenjaminiHochberg, BH [63] ). 342 nodes (genes) with significant difference (Fig. 5 ) (adjP-value 0.01) were identified as gene biomarkers for SCZ.
Validation of SCZ Genes
The identified SCZ genes were validated using the following approaches: disease association analysis, gene functional enrichment analysis, pathway enrichment analysis, a SCZ database and literature search in Pubmed. Two widely used online tools are WebGestalt [64] and CPDB (Consensus PathDB) [65] . WebGestalt [64] is a "WEB-based GEne SeT AnaLysis Toolkit", which incorporates information from different public resources, provides biologists an easy way to make sense out of gene lists, and can be used to perform disease association analysis. CPDB-human integrates interaction networks in Homo sapiens including binary and complex protein-protein, genetic, metabolic, signaling, gene regulatory and drug-target interactions, as well as biochemical pathways. Data originate from currently 32 public resources for interactions and interactions that have been curated from the literature.
Disease Association Analysis
We performed disease association analysis using online tool WebGestalt (http://www.webgestalt.org/) [64] . For disease association analysis, the disease terms were downloaded from PharmGKB(1/26/2013), and genes associated with individual disease terms were inferred using GLAD4U (1/ 26/2013).
Among the 342 identified genes, there are 34 genes significantly enriched in mental disorders (adjP=6.84e-18, BenjaminiHochberg) and 23 genes significantly enriched in the schizophrenia disease (Fig. 6)(adjP=1.17e-12 , BenjaminiHochberg) and 17 genes significantly enriched in the depression disease(adjP=6.84e-18, BenjaminiHochberg)( Table 1 ).
GO Enrichment Analysis
We employed CPDB [65] to conduct Gene ontology (GO) [66] enrichment analysis. For each of three ontologies including biological process (BP), cellular component (CC), and molecular function (MF), we selected the three most significant terms and neuro-associated terms (Table 2 ). It can be seen that a large portion of the identified SCZ genes are involved in singleorganism cellular process (295 genes), plasma membrane (182 genes) and cell periphery (183 genes). What's more, there are some SCZ genes associated with neurogenesis (75 genes), neuron development (57 genes), neuron differentiation (65 genes), and neuron part (54 genes).
Pathway Enrichment Analysis
We got the results of pathway enrichment analysis using CPDB [65] over-representation analysis for the identified genes. The three most significantly enriched pathways are Pathways in cancer (43 genes, q-value=1.83e-12, KEGG), "Axon guidance" (27 genes, q-value=5.26e-10, KEGG)and Regulation of actin cytoskeleton (28 genes, q-value=1.39e-12, KEGG). Also, some genes are significantly enriched in neuro-associated pathways (Table 3 ). For example, 25 genes are significantly enriched in the pathway "Neuroactive ligand-receptor interaction" (q-value=3e-06, KEGG), and 27 genes are significantly enriched in the pathway "Neuronal System" (q-value=1.5e-05, Reactome).
SCZ Database
We also validated the identified genes with a SCZ database "SZGene" [67] . Among the identified 342 significant genes, 65 genes were found to be associated with the SCZ disease (Fig. 7) .
Literature Search
We further did literature search in PubMed and found that besides the validated genes by the SZGene [67] database, 75 genes have been reported to be associated with the SCZ disease [68] , [69] , [70] , [71] , [72] , [73] , [74] , [75] , [76] , [77] , [78] , [79] , [80] , [81] , [82] , [83] , [84] , [85] . Among these genes, GRIN2B, MSN "CRH" and CNTNAP2 have been reported to be related to schizophrenia in 56, 46, 35, and 29 literatures, respectively. LARS2 was upregulated in the transmitochrondrial cybrids carrying 3243A > G. The 3243A > G was detected in the postmortem brains of one patient with schizophrenia [86] . Jungerius et al. [87] found a weak but significant association between PIK3C2G gene and schizophrenia. Functional analysis of rare variants found in schizophrenia implicates a critical role of GIT1PAK3 signaling in neuroplasticity [88] . Their study provided the first line of direct evidence suggesting that the CHRM5 gene, together with the CHRNA7 gene may be linked to schizophrenia [89] . Elevated ErbB4 mRNA is related to interneuron deficit in prefrontal cortex in schizophrenia [90] . The gene expression state of the DRD2-PI3K-AKT signaling cascade differed significantly between acute schizophrenia patients and healthy controls [91] .
Additionally, there are some other interesting findings. There are three modules in the normal network (Fig. 3) , among which one module is fully composed of SNP-specific genes, another one is completely composed of methylationspecific genes, and the rest one is composed of the common genes. The disease network (Fig. 4) keeps the methylation specific module only, but discard other two modules, i.e., common gene module and SNP specific gene module. Among the identified 342 genes, 340 genes are SNP-specific genes and two genes are methylation-specific genes (Fig. 5) . Among the 23 genes significantly enriched in the SCZ disease, 22 genes are SNP-specific genes and only one gene is methylation-specific gene (Fig. 6) . Among the 65 genes validated by the SZGenes database, 64 genes are SNP-specific genes and only one gene are methylation-specific gene (Fig. 7) . Therefore, this indicate that SNPs data vary significantly during the schizophrenia's onset.
We also investigated which node parameters play a important role in causing the SCZ disease. We used Cytoscape [92] plugin NetworkAnalyzer [93] to calculate 10 node attributes (topological coefficient, Neighborhood connectivity, degree, betweenness centrality , stress, average shortest path length, clustering coefficient, closeness centrality, radiality, and eccentricity) of all genes and then utilized the t test to compare the node attributes of the identified genes in SZGene [67] database and those of the non-identified genes in SZGene database. We found that topolofical coefficient, neighborhood connectivity, and degree are significantly different between healthy control groups and SCZ groups. In other words, these three node parameters change significantly from the health network to the Schizophrenia disease network.
Our framework identified disease genes by Comparing two MSTs extracted from two Distance matrices (CMSTD). In order to establish the performance of our proposed framework, we compared it with another three approaches: identifying disease genes by Comparing two Whole Networks (similarity matrices) (CWN). Generally speaking, the nodes' attributes such as degree centrality [94] should have significant changes from the healthy network to the disease network. So we calculated 10 features for each node in network (betweenness centrality, closeness centrality, strength, Bonacich power centrality scores, Eigenvector centrality scores, (Harary) graph centrality scores, information centrality scores, load centrality scores, vertex prestige scores, and the stress centrality scores [94] ), compared them between the health network and the disease network using paired t-test, and ranked the genes according to the significance of changes to identify the SCZ genes according to a p-value threshold. We tried to Compare the nodes' features between two state Whole Networks (CWNf) and Compare the nodes' features between two state MSTs (CMSTDf) extracted from two Distance matrices. However,neither CWNf nor CMSTDf has genes with sigificant changes of features after multiple testing adjustment with p 0:05. Moreover, we compared our discovery framework with other three network-based discovery methods: CWN, CMSTD, and DiffCorr [95] . DiffCorr [95] is a simple method for identifying pattern changes between two experimental conditions in correlation networks, which builds on a commonly used association measure, such as Pearsons correlation coefficient. Among the genes discovered by DiffCorr, there are no genes significantly enriched in SCZ or mental disorders. For CMSTD and CWN, if the threshold of adjusted p value is set to be 0.01, both approaches identified more than 300 genes (CMSTD: 342, CWN: 364 ). Among the genes identified by CMSTD, there are 23 genes enriched in SCZ and 34 genes enriched in mental disorders. Among those genes identified by CWN, there are 24 genes that can be enriched in SCZ and 35 genes that can be enriched in mental disorders. Among the top 58 genes identified by CWN, there are 8 genes enriched in SCZ and 9 genes enriched in mental disorders. For the genes identified by CMSTD, there are 9 genes enriched in SCZ and 10 genes enriched in mental disorders. These two approaches have different results of disease association studies (Table 4) , in terms of selecting the most significant genes. These comparisons show that CMSTD performs slightly better than CWN.
Furthermore, the gene subset selected by our framework is very stable with the change of sample size. The identified gene list doesn't change when we pick up a subset (one-fifth, two-fifth, three-fifth, and four-fifth) of the original samples for network construction. In addition, we investigated the influence of incorporating fMRI data on the performance of network construction and feature selection. To our surprise, without incorporating fMRI data, there are no significantly enriched genes among the identified genes. This demonstrates the power of incorporating brain imaging data in the gene network construction, especially for mental disorder study.
CONCLUSION
Disease biomarkers are molecular readouts that correlate with a disease state and may have utility in the understanding of the pathogenesis and mechanism from cellular & molecular level. Once validated, these biomarkers can be used for the development of diagnostic procedures and can be further used for improved clinical decision making. In this study, we integrated SNPs, DNA methylation and fMRI data and employed the complementary information to identify important genes for SCZ. For each of the selected SNPs and methylation data, we separately constructed a pair of state networks: one is the healthy network and the other is the disease network. We then combined two health/disease networks into one fused network. We extracted the MSTs from two distance matrices corresponding to the healthy network and the disease network. By comparing the nodes' features between two MSTs, we identified some genes with significant differences as SCZ disease biomarkers. The gene biomarkers were finally validated from five aspects including disease association study, GO enrichment analysis, pathway enrichment analysis, SCZGene [67] database and the literature search in PubMed. In addition, we compared our framework with other discovery approaches. It showed that the proposed network-based approach can effectively identify SCZ genes, which can be as used targets of drugs for the SCZ disease. The proposed framework for integrating multiple imaging and genomic datasets to quest for genes biomarkers can also be used for the study of other complex diseases. WenXing Hu received the BSc degree in applied mathematics from Xi'an Jiaotong University, China, 2011. Now, he is working toward the PhD degree in biomedical engineering, Tulane University. His research interests include dimension reduction, correlation analysis, and multi-omics data integration.
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